A growing number of case studies and reports suggest that Information and Communication Technologies (ICT) play an important role in fighting against deforestation, and the penetration of ICT help decrease deforestation in a different part of world's forests. The aim of this study is to test whether diffusion of ICT contributes to decreasing in deforestation in the world. For this purpose, the effect of ICT penetration on deforestation is estimated by using bivariate and multivariate fixed time effect models. In the sample selection process, those countries having 2% or more forest area as a percentage of total land area we included in our analysis. The largest sample includes 174 countries. The period under study is between 1991 and 2012. It is found that ICT penetration is significantly and negatively associated with deforestation. The results are robust to the inclusion of a number of control variables as well as different indicators of ICT penetration and deforestation as such all available four ICT indicators and two deforestation indicators are used. To avoid potential spurious regression problems in the analyses, the original models are re-estimated by using the stationary forms of all independent and dependent variables. A strong negative correlation between ICT indicators and deforestation indicators is also supported by the findings of re-estimated bivariate and multivariate models. Empirical evidence at the macro level provided in this paper confirms the results mentioned in the case studies.
Introduction
Accelerated penetration of information and communication technologies (ICT) across countries in the world has triggered theoretical and empirical studies on the effects of ICT diffusion. Economic effects of ICT are widely discussed in the literature as such empirical studies suggest that diffusion of ICT can increase volume of trade (Frehund and Weinhold, 2004) and foreign direct investments (Choi, 2003) , boost productivity (Sanchez et al., 2006; Maciulyte-Sniukiene and Gaile-Sarkane, 2014) and economic growth (Czernich et al., 2011 , Pradhan et al., 2014 , and reduce unemployment (Czernich, 2014) , corruption (Lio et al., 2011; Goel et al., 2012) , inflation (Yi and Choi, 2005) and shadow economy (Elgin, 2013) .
One of the recent discussions about the effects of ICT diffusion is the impact of ICT on the environment. It is argued that ICT usage can increase energy efficiency and hence help the environment. ICT usage can positively contribute to environmental sustainability by reducing greenhouse gas emissions through energy efficiency gains (Toffel and Horvath, 2004; Erdmann and Hilty, 2010) . Also, ICT can be a tool for environmental protection by mapping and monitoring environmental threats.
On the other hand, it is also argued that the use of ICT can have negative effects on the environment through energy intensity of ICT use as well as production and waste disposal of ICT products. ICT usage may increase CO2 emissions and therefore harms the environment whereby ICT usage results in a rise in demand for electricity consumption which may lead to surge in CO2 emissions (Coroama and Hilty, 2014; Heddeghem et al. 2014; Salahuddin, Alam and Ozturk, 2016) . Besides, production of IT products involves a number of environmentally harmful toxic and non-renewable inputs such as lead and mercury. Waste disposal of the electrical components and electronic IT goods also cause environmental pollution (Macauley, Palmer and Shih, 2003) .
The ICT penetration can also affect deforestation. Several case studies assert that the ICT diffusion contributes to the management and conservation of forest and forestry resources. The adoption of ICT in the forest sector contributes to increase in the efficiency and effectiveness of forest management. The use of ICT in logging, raw material procurement, logistic process, production processes, and marketing of forestry products increase the operational productivity and efficiency in the forestry sector (Boston, 2005; Hetematik, Anders and Boston, 2005; Tuukka and Madhavi, 2017) .
In regard to forest conservation, ICT and ICT applications can be used to map forest resources, to monitor forest risks, threats, and flow of goods from forests, to prevent illegal loggings and fires, to raise awareness of the need for sustainable forestry practices, to improve forest governance, to empower forest communities, to achieve sustainable forest management, to increase transparency and public participation, and to strengthen land rights (CTA, 2004; Reynolds et al., 2005; Mason and Messinger, 2014; Tuukka and Madhavi, 2017; Nunez, 2017) .
Based on case studies, it may be hypothesized that the usage and diffusion of ICT in the forest sector can contribute to decrease in deforestation in the world. The aim of this article is to analyze the impact of ICT on deforestation with respect to several indicators of ICT by providing the first cross-country and macro-level empirical evidence on the relationship between ICT diffusion and deforestation. Although there are many case studies and reports about the influence of ICT on deforestation, to the best of our knowledge, there is no cross-country macro-level study on the relationship between ICT and deforestation in the literature. Therefore, this study attempts to fill this gap in the literature.
In this study, the impact of ICT penetration on deforestation is analyzed by using annual data of 174 countries for the period between 1991 and 2012. As a part of robustness, four ICT indicators and two deforestation indicators are used. The next section presents data and methodology. Section three provides estimation results while section four concludes.
Data and Methodology
This study intends to examine the relationship between ICT penetration and deforestation. For this purpose, we investigated the impact of ICT penetration on deforestation by using two deforestation indicators and four ICT indicators. The period under study is between 1991 and 2012. 3 In the sample selection process, we included those countries having 2% or more forest area as a percentage of total land area into our analysis. Our largest sample includes 174 countries. 4 EViews 9.0 statistical software is used for data processing in our analyses.
By using unbalanced panel data and a sample including developed and developing countries, we estimate the following bivariate and multivariate fixed time effect models (FEM) 5 built on the previous studies of Jorgenson and Burns (2007) (2) and the following bivariate and multivariate random time effect models (REM);
where it subscript stands for the i-th country's observation value at time t for the particular variable. is the intercept term and represents time-specific effects that affect all countries in the same way (i.e., is variant across time but not across countries).
is idiosyncratic error term of the regression model.
Our dependent variable is the rate of deforestation. The annual rate of deforestation is calculated by subtracting the current year's forest area from previous year's forest area divided by the previous year's forest area multiplied by 100 whereby positive values indicate an increase in deforestation (i.e., a decrease in forestation) while negative values reflect a decrease in deforestation (i.e., an increase in forestation). Two different available forest area variables are used to evaluate the sensitivity of our empirical results. DEFORESTWDI is calculated by using the forest area (sq. km). The data comes from WDI and covers the period between 1991 and 2012. DEFORESTFAO is calculated by utilizing the forest area (1000 Ha). The source of the data, even it was downloaded from UNDATA, is FAOSTAT of FAO and includes the period between 1991 and 2012. Results may vary depending on which deforestation variable is used. If the results hold across different deforestation variables, it will be an indication of their robustness.
Our main explanatory variable of interest in this study is ICT penetration. ICT penetration in above models is represented by four variables, which are all available ICT indicators to our best knowledge. The definition and data source of ICT penetration variables are given in Table 1 below. particular fact on deforestation. Besides, environmental consciousness increases as time goes on. Secondly, since country-specific effect model requires estimation of quite more coefficients (i.e., country-specific coefficients which are 174 in our largest sample) than period effect model (i.e., time-specific coefficients which are just 22 in our largest sample), thus reducing degrees of freedom and potentially draining statistical power of estimators, the period-effect model is chosen. 
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In addition to ICT variable, we introduced three more determinants of deforestation suggested by previous studies (Jorgenson and Burns, 2007; DeFries et al., 2010) to analyze the association between deforestation and ICT penetration: rural population growth (RURPOPGRO), permanent cropland as a percentage of total land area (CROPLAND), and GDP growth (GDPGRO). The definition and data source of other independent variables are given in Table 2 below. The data related to all those variables come from World Development Index (WDI). The following further describes the independent variables and discusses their expected signs.
CROPLAND refers to the permanent cropland as a percentage of land area. It is a proxy for agricultural land demand. Agricultural land expansion is often reported as the primary driver of deforestation and forest degradation (Myers, 1994; Deininger and Byerlee, 2011; McGrath, 2014) . Shortage of productive farm and grazing lands motivate agents to clear forests in the absence of financial compensation and severe punishments. Moreover, the growth in demand for agricultural products requires either to increase the production of cultivated areas or to expand the cultivated areas. Most of the time, expanding the cultivated areas by clearing forests is preferred by agents since increasing the production of cultivated areas needs extra costs (Nath and Mwchahary, 2012) . Hence, increasing demand for agricultural land and a shortage of productive farmlands cause forest lands to be cleared. Thus, the coefficient for this variable is expected to be positive.
RURPOPGRO is the annual rural population growth. In the deforestation literature, rural population growth is often pointed out as a primary cause of deforestation (Harrison, 1992; Cropper and Griffiths, 1994; Geist and Lambin, 2002; Carr, Suter and Barbieri, 2005; Jorgenson and Burns, 2007) . Seventy-five percent of the worlds poor reside in rural areas and most of them subsist their life by engaging in agriculture (Deininger and Byerlee, 2011) . Forest clearing and agricultural area expansion are important parts of most of the rural households' livelihood strategies (Babigumira et al., 2014) since rural population highly depend on forests for firewood, other forest products, grazing, agricultural and built-up area. Thus, rural population pressure leads to acceleration of forest clearance and forest degradation. Hence, we expect a positive correlation between RURPOPGRO and deforestation in our model.
GDPGRO refers to the annual Gross Domestic Product growth. The coefficient on the GDPGRO variable is expected to be ambiguous due to the environmental Kuznets Curve (EKC) hypothesis. According to the EKC hypothesis, the relationship between economic growth and environmental degradation can be displayed by an inverted Ushaped curve whereby economic growth may lead to environmental degradation at low levels of per capita income, but after a certain threshold level is achieved, further growth may produce incentives to improve environmental quality (Nohman and Antrobus, 2005; Salahuddin, Alam and Ozturk, 2016) . Thus, in our model, the relationship between GDPGRO and deforestation is hypothesized to be ambiguous.
Estimation Results
Bivariate estimation results for four different ICT indicators are presented in Table 3 ,4,5 and 6. Each table consists of two columns (models) for two different deforestation indicators. We model each ICT and deforestation indicator separately in the different equations since modeling different indicators of ICT and deforestation in the same equation may cause multicollinearity problems.
The tables also provide Hausmann Test statistics for model selection between FEM and REM models and information on overall coefficients of determination (R-squared). Standard errors are given in parentheses with stars indicating significance levels as such coefficients having p-values lower than 10% are accepted as statistically significant coefficient estimations. To test the robustness of our results, we include a number of control variables suggested by previous studies (Jorgenson and Burns, 2007; DeFries et al., 2010) . Multivariate estimation results for four different ICT indicators are separately presented at Table  7 ,8,9 and 10 to avoid multicollinearity problems. Each table consists of two columns (models) for two different deforestation indicators.
The estimation results for regressions where INTERNET is used as an independent variable are reported in Table 7 . All coefficients of INTERNET variable are negative and statistically significant at the 1% level. The results suggest that deforestation decreases as the percentage of individuals using the internet increases.
Regarding other independent variables, the estimated coefficient of CROPLAND variable is positive and statistically significant at the 1% level in all models. The results indicate that surge in the agricultural land demand leads to deforestation. The coefficients of RURPOPGRO variable are statistically significant at the 1% level and have expected signs in all models. The results display that rural population growth is associated with deforestation. The coefficients of GDPGRO variable are negative and statistically significant at the 5% level in all models. The results imply that deforestation tends to decrease as nations become more developed. The estimation results for regressions by using CELLPHONE as an independent variable are presented in Table 8 . The estimated coefficients of CELLPHONE variable are found to be negative and statistically significant at the 1% level. The results show that surge in mobile phone subscriptions per 100 inhabitants is associated with a decrease in deforestation. In addition, results show that CROPLAND and RURPOPGRO positively and significantly influence deforestation at least at the 5% level while GDPGRO has a negative and statistically significant effect at the 10% level on deforestation. Table 9 reports estimation results for regressions where COMPUTER is used as an independent variable. All coefficients of COMPUTER are negative and statistically significant at the 1% level in both models, implying that higher personal computers per 100 inhabitants result in lower deforestation. Regarding other variables, CROPLAND and RURPOPGRO have a positive and statistically significant effect on deforestation, while GDPGRO is negatively and significantly associated with deforestation. Table 10 displays the estimation results for regressions by using FXBROADBAND as an independent variable. All coefficients of FXBROADBAND are statistically significant at the 1% level and take the expected signs in line with what was expected.
Interpretation of results indicates that an increase in fixed broadband subscriptions per 100 people leads to decrease in deforestation. CROPLAND variable is positive and statistically significant in only one model. The estimated coefficients of RURPOPGRO variable are statistically significant and have the expected signs in all models while the estimated coefficients of GDPGRO are negative and statistically significant in all models. Hence, it is found that ICT penetration is significantly and negatively associated with deforestation. However, the results can't be interpreted as causal relationship since they may contain a spurious regression problem. To ensure the causal relationship between ICT penetration and deforestation, a proper empirical strategy needs to be employed, taking potential spurious regression problems into consideration.
The following steps are conducted in order to avoid the spurious regression problem in our analysis. First, the integration order of each variable in our models is assessed using panel unit root tests. ADF-Fisher and PP-Fisher panel unit root tests are performed to identify the order of integration (the stationarity level) of series used in our analysis whereby the null hypothesis of "the variable is non-stationary" is tested.
The panel root test results are reported in Table 11 In this case, to tackle the spurious regression problem, we employed the following empirical strategy. Spurious regression problem may exist in models using nonstationary time series. In other words, the regression of a nonstationary time series on another nonstationary time series may produce a spurious regression. Thus, in order to avoid potential spurious regression problem in our panel data analyses, we re-estimated the original models by using the first differences (i.e., stationary forms) of CELLPHONE, INTERNET, COMPUTER and FXBROADBAND variables in addition to our I(0) variables of DEFORESTWDI, DEFORESTFAO, CROPLAND, RURPOPGRO, GDPGRO such that all dependent and independent variables used in analyses are stationary.
Second, we intended to conduct a cointegration analysis. As known, in cointegration analysis, I(1) time series is regressed on the other I(1) time series, if the residual of this particular regression is stationary (i.e., I(0)) then it is concluded that those two time series are cointegrated and therefore this particular regression analysis will be meaningful (i.e., not spurious). However, we are unable conduct cointegration analyses since conventional cointegration tests require all series used in analyses to be integrated order one, but we have mix integration orders (i.e., some variables are I(0), and some variables are I(1)).
Tables 12, 13, 14 and 15 report re-estimated bivariate estimation results for four different ICT indicators, each one of which is at the first differences. All coefficients of variables are negative and statistically significant at the 1% level in all models except CELLPHONE variable for the model where DEFORESTWDI is dependent variable. Thus, strong negative correlation between ICT indicators and deforestation indicators is also supported by re-estimated bivariate estimation results. Overall, our findings suggest that the penetration of ICT contributes to decline in deforestation between 1991 and 2012. The findings in this study also demonstrate that among ICT variables, the strongest impact is generated by FXBROADBAND variable followed by COMPUTER, INTERNET, and CELLPHONE in both models.
Conclusion
This study empirically investigates the explanatory power of information and communication technologies on deforestation. Case studies and reports indicate that ICT can play an important role in fighting against deforestation. Although there are many case studies and reports about the influence of ICT on deforestation, to the best of our knowledge, there is no cross-country macro-level study on the relationship between ICT and deforestation in the literature. Therefore, this study attempts to fill this gap in the literature.
The aim of this article is to support case studies with cross-country and macro-level empirical evidence. By using four ICT indicators, two deforestation indicators and a panel data set consisting of 174 countries, we test the hypothesis that ICT penetration contributes to decrease in deforestation. The statistically significant negative association between ICT penetration indicators and deforestation indicators is identified. Results are robust to the inclusion of a number of control variables. To avoid potential spurious regression problems in the analyses, the original models are re-estimated by using the stationary forms of all independent and dependent variables. The strong negative correlation between ICT indicators and deforestation indicators is also supported by the findings of re-estimated bivariate and multivariate models. Thus, our study empirically proves the negative association between ICT diffusion and deforestation and may support for the ICT usage in the forestry sector.
There is a growing worldwide concern regarding forest conservation. ICT applications can be used in a number of ways in forest conservation ranging from monitoring forest risks and threats and preventing illegal loggings and fires to increase transparency and public participation.
One of the drawbacks in regard to usage of ICT applications in forest conservation is the fact that its level of priority is lower than other areas such as health and education. That is why cooperation in conservation is essential to improve forest governance through ICT usage. This holds true at international level among countries and the macro-level between large organizations as well as local-level between agents developing solutions to local problems.
